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Abstract

Handgrip strength (HGS) is a significant biomarker for overall health, offering a simple, cost-
effective method for assessing muscle function. Lower HGS is linked to higher mortality, func-
tional decline, cognitive impairments, and chronic diseases. Considering the influence of anthro-
pometrics and demographics on HGS, this study aims to develop a corrected HGS score using
machine learning (ML) models to enhance its utility in understanding brain health and disease.
Using UK Biobank data, sex-specific ML models were developed to predict HGS based on three
anthropometric variables and age. A novel biomarker, AHGS, was introduced as the difference
between true HGS (i.e. directly measured HGS) and bias-free predicted HGS. The neural basis

of true HGS and AHGS was investigated by correlating them with regional gray matter volume
(GMV). Statistical analyses were performed to test their sensitivity to longitudinal changes in
stroke and major depressive disorder patients compared to matched healthy controls (HC). HGS
could be accurately predicted using anthropometric and demographic features with high accuracy
using linear support vector machine. Compared to true HGS, AHGS showed high reassessment
reliability and stronger, widespread associations with GMYV, especially in motor-related regions.
Longitudinal analysis revealed that neither HGS nor AHGS effectively differentiated patients
from matched HC at post time-point. The proposed AHGS score exhibited stronger correlations
with GMV compared to true HGS, suggesting it better represents the relationship between muscle
strength and brain structure. While not effective in differentiating patients from HC at post time-
point, the increase in AHGS from pre to post time-point in patient cohorts may indicate improved
utility for monitoring disease progression, treatment efficacy, or rehabilitation effects, warranting
further longitudinal validation.

1. Introduction that shows good reassessment reliability [1, 2].
This measurement involves participants squeez-
ing the dynamometer with maximum effort with-
out any hand or arm movement, thus measur-
ing the isometric grip force. Direct measured HGS

offers several advantages, including low cost, ease of

Handgrip strength (HGS) is broadly recognized as
a reliable and non-invasive biomarker of overall
health. It is typically measured isometrically using
a hydraulic hand dynamometer, an instrument
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administration, and a strong predictive value for vari-
ous health outcomes [1, 3—6]. Beyond, HGS is related
to the gray matter volume (GMYV) of the brain, which
in turn has been used as a marker for neuropatho-
logical changes in neurodegenerative and psychiatric
diseases. GMV has also been associated with pro-
tective factors such as muscular strength [1]. Lower
GMYV is associated with lower HGS [7]. On the other
hand, stronger HGS is associated with higher GMV in
awide array of brain regions like the ventral striatum,
hippocampus, thalamus, pallidum, putamen, brain
stem, temporal pole, and parahippocampal gyrus
[1]. Through its associations with physical capabil-
ities and with structural brain integrity, HGS offers
insights into the neurobiological mechanisms related
to muscle strength [1]. This relationship, however, is
influenced by genetics, physical fitness, mental health
as well as anthropometrics, and demographic charac-
teristics, emphasizing the need for a comprehensive
examination of these associations [1].

HGS serves as a marker of overall health because
it can be affected through different mechanisms.
Lower HGS in older adults is associated with adverse
health outcomes, such as increased mortality risk,
diminished functional mobility, cognitive impair-
ments, and a range of health issues, including
metabolic diseases like diabetes, and neurological
conditions including stroke and major depressive dis-
order (MDD) [8-10]. Moreover, reduced HGS is not
only linked to higher disease recovery times [11] but
also functions as a valuable biomarker for assessing
recovery and prognosis in stroke patients, with evi-
dence linking a decrease in HGS after stroke (post-
stroke) compared to before stroke (pre-stroke) levels
[12, 13]. These attributes have established HGS as
an indicator of muscle strength and general health
in clinical settings [1, 8, 11, 14]. While understand-
ing longitudinal changes in HGS in patients can help
risk assessment and improve monitoring, to date it
remains understudied due to lack of longitudinal
data.

Anthropometric factors such as height, body mass
index (BMI), and waist-to-hip ratio (WHR) are
directly linked to HGS [15-20]. For instance, BMI
and height correlate positively with greater strength
[17, 19]. Conversely, WHR, which reflects the pro-
portion of abdominal fat relative to hip circumfer-
ence, often exhibits an inverse relationship with HGS.
Greater abdominal fat relative to hip size is frequently
associated with lower HGS [18]. Age is another crit-
ical factor affecting HGS. Generally, HGS increases
during childhood and adolescence, peaks in early
adulthood, and then declines with higher age, partic-
ularly after 40. This decline is often more pronounced
in older adults, especially those over 75, where the rate
of decrease accelerates [16]. The aging process results
in progressive muscle loss, further impacting HGS
[16, 21]. Sex differences also contribute significantly
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to variations in HGS [22, 23], influencing both base-
line strength levels and decline patterns. Males and
females exhibit distinct patterns in disease progres-
sion and anthropometric measurements, necessitat-
ing sex-specific considerations in clinical and research
settings [24]. The interpretation of HGS is thus most
meaningful when normalized to anthropometric and
demographic factors, rather than relying on raw mea-
sured values. Relative HGS, which accounts for these
variables, may offer a more precise assessment of
an individual’s neuromuscular deficit and its rela-
tionship with brain structure and diseases, poten-
tially improving its utility as a health indicator [8, 11,
12, 25]. In particular, a refined HGS interpretation
can open up new possibilities for early disease detec-
tion, monitoring treatment efficacy, guiding recovery
processes, and predicting long-term health outcomes
across various conditions.

Machine learning (ML) based predictive mod-
eling offers individual-level predictions, establish-
ing ML as a transformative tool in modern clin-
ical practice [20, 26]. ML can be used to predict
HGS using anthropometric and demographic fea-
tures. This predicted HGS captures the variance
explained by the features and thus can be used to
develop a relative HGS score. In this study, we tested
the hypothesis that the difference between true HGS
and predicted HGS can serve as a biomarker for mus-
cular strength relating to the structural integrity of the
brain and disease-related changes. Using data from
the UK Biobank (UKB), we developed sex-specific
ML models to predict HGS using anthropometrics
and demographic variables in healthy individuals.
We applied statistical bias-correction techniques to
enhance prediction accuracy and introduced a novel
score called AHGS, defined as the difference between
the true HGS and bias-free predicted HGS. We then
investigated the brain basis AHGS based on correla-
tion with regional GMV followed by the investigation
of its sensitivity to longitudinal changes in patient
cohorts from two diseases known to influence HGS:
stroke and MDD. The key innovation lies in our lon-
gitudinal design, capturing HGS scores at two time
points: before (pre) and after (post) disease onset.
This approach enabled us to examine how AHGS and
true HGS change over time in patients compared to
healthy controls (HC) groups.

2. Methods

2.1. Participants and data

We used data from the UKB database with more
than half a million adult participants recruited from
a total of 22 assessment centers across the United
Kingdom with baseline assessment between 2006—
2010. The baseline assessment included a wide range
of demographic data, physical measurements, clinical
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Figure 1. The ML analysis pipeline used to predict HGS and analyze its associations with neurobiological markers and disease-
related impairments in this study. For data preparation anthropometric (BMI, height, and waist-to-hip ratio) and demographic
(age) variables were obtained from the UK Biobank database. These variables (predictors) were used to train sex-specific ML
models, specifically linear SVM, random forest (RF) and extreme gradient boosting (XGBoost), to predict HGS. The pipeline
includes steps for preprocessing, model training, performance evaluation through cross-validation, and the application of statis-
tical bias-correction techniques to enhance prediction accuracy. The true HGS and AHGS (true HGS — HGS'; see section 2.2.2)
scores are then assessed for their correlation with neurobiological markers, such as gray matter volume (GMV), and their effec-
tiveness in distinguishing between HC and patients with stroke and MDD.

and health-related information, and the completion
of a touchscreen questionnaire [27, 28]. A subset of
participants was invited back in 2012 and 2013 for the
first repeat assessment. During this repeat visit, addi-
tional data were collected, although no brain imag-
ing data were collected at either the baseline or the
first repeat assessment. Starting in 2014, a subsam-
ple was invited to assessment centers for brain imag-
ing, with follow-up imaging assessments beginning
in 2019. In this study, participants were categorized
into three groups: HC and two patient cohorts: stroke
and MDD. Group definitions were established using
inclusion and exclusion criteria based on the interna-
tional classification of diseases, 10th revision (ICD-
10) coding system. Only individuals with all anthro-
pometrics, demographics, and HGS values available
were included (figure 1).

2.1.1. Healthy controls

The HC population was obtained by excluding par-
ticipants with a known history or current diagno-
sis of mental and behavioral, psychiatric, nervous
system, neurological, cardiovascular, cerebrovascu-
lar, musculoskeletal system, connective tissue con-
ditions, injuries or poisoning diseases as outlined
in the ICD-10 codes (table 1). The HC participants
were divided into two groups: 1) participants who

3

did not undergo brain imaging assessments (non-
imaging data, N = 201 133) and 2) participants who
participated in at least one brain imaging assessment
out of the two available imaging assessments (HC
with imaging data, N = 32 125). Individuals with
non-imaging data were used to train and evaluate ML
models. The HC individuals with imaging data were
employed both in assessing the association between
HGS and GMV as well as for matched HC compar-
isons with patient cohorts (supplementary figure S1).

2.1.2. Patient cohorts

First, participants with conditions of the muscu-
loskeletal system, connective tissue, or injury were
excluded from all patient sample groups (table 1). The
outcomes of incident stroke were defined according
to the ‘Algorithmically-defined outcomes (ADOs)’
(UKB Resource 460) developed by the UKB team
[29]. The algorithm integrated information from
UKB’s baseline assessment data collection along with
linkage data, including hospital admissions, diag-
noses and procedures, death register records, and
self-reported medical condition codes reported at the
baseline assessment visit. The incident MDD out-
come was obtained from the ‘First occurrence of
health outcomes defined by 3-character ICD-10 code’
algorithm (UKB Resource 593) [30, 31]. The UKB
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Table 1. Definition of the study populations based on ICD-10 criteria for HC, stroke, and MDD.

Populations Excluded ICD-10 criteria Included ICD-10 criteria
Healthy controls Mental and behavioral disorders: F —
(HC) Diseases of the nervous system: G
Cerebrovascular diseases: 160-169
Diseases of the musculoskeletal system and connective tissue: M
Injury, poisoning, and certain other consequences of external causes: S
Stroke Mental and behavioral disorders: F Ischemic: 163

Diseases of the nervous system: G00-G14, G20-G26, G30-G32,

Intracerebral hemorrhage: 161

G35-G37, G54-G59, G60-G61,
G70-G73, G80-G83, G91-G99
Diseases of the musculoskeletal system and connective tissue: M

Injury, poisoning, and certain other consequences of external causes: S

Major depressive
disorder (MDD) Diseases of the nervous system: G

Cerebrovascular diseases: 160-169

Mental and behavioral disorders: FOO—F31, F34-F48, F50-F99

Depressive episode: F32
Recurrent depressive disorder: F33

Diseases of the musculoskeletal system and connective tissue: M

Injury, poisoning, and certain other consequences of external causes: S

indicated the first occurrence of a set of diagnos-
tic codes for a wide range of health outcomes across
self-report, primary care, hospital inpatient data, and
death data, mapped to a 3-digit ICD-10 code. To
establish patient cohorts, we included stroke end-
points comprised of ischemic stroke (163) or intrac-
erebral hemorrhagic stroke (I61), and MDD depres-
sive episode (F32) or recurrent depressive disorder
(F33). The onset dates for the diagnoses of two dis-
eases were identified using the first occurrence fields:
stroke (Data-Field 42006), and MDD (Data-Fields
130894 and 130896). To ensure diagnostic accuracy,
cases based solely on self-reported data were excluded
from the analysis. Patients with a history of dis-
eases prior to their baseline assessment visit were
excluded to ensure that the analysis focuses on inci-
dent cases. Additional exclusion criteria were applied
to each patient group, including missing dates of dis-
ease onset, missing data, and relevant HGS conditions
(see section 2.1.3). After applying exclusion criteria,
we identified disease cohorts consisting of patients
with longitudinal data who completed assessments
at two time-points: (1) an initial assessment visit
prior to the onset of the disease (pre time-point),
and (2) the first follow-up assessment visit after dis-
ease onset (post time-point). The final patient cohorts
comprised: 40 males and 16 females in the stroke
group (1 female patient hemorrhagic and all others
ischemic), and 37 males and 60 females in the MDD
group. These cohorts provided longitudinal data for
analysis of HGS changes concerning disease onset.

2.1.3. HGS assessment

HGS was measured isometrically using a calibrated
Jamar J00105 hydraulic hand dynamometer, which
was monitored by a research assistant. During the
HGS measurement, participants were told to sit

upright in a chair with their forearms resting on arm-
rests pointing forward and their elbows bent and
locked at a 90° angle. The maximum HGS value
was obtained from each hand while participants were
instructed to squeeze the handle as hard as possi-
ble for approximately 3 s. Both hands were measured
consecutively (Data-Field 46 for the left and Data-
Field 47 for the right hand). Participants whose dom-
inant HGS<4 kg or lower than their non-dominant
HGS were eliminated from further analysis [1, 32].
Hand dominance was based on self-report. If infor-
mation on handedness was not available or if the indi-
vidual reported using both hands (ambidextrous), we
based dominance on the highest HGS score obtained
from either right or left hand. In this study, our
target of interest was combined HGS (which we refer
to simply as HGS), calculated as the sum of the
grip strength measurements from the right and left
hands. While measuring HGS in each hand separately
can reveal unilateral deficiencies, assessing combined
HGS provides a comprehensive measure of over-
all hand strength. In clinical settings, assessing the
strength of both hands offers a robust measure of
overall strength and helps identify unilateral weak-
nesses or conditions affecting one side of the body
that may be overlooked with single-hand testing,
especially for conditions like stroke or localized mus-
culoskeletal disorders [33]. This approach is particu-
larly relevant when considering the 10% rule, which
states that the dominant hand typically has a 10%
greater grip strength than the non-dominant hand,
primarily applies to right-handed individuals, who
make up more than 90% of both male and female
participants in this study. In contrast, for left-handed
individuals, grip strength tends to be more balanced
between both hands [34]. Therefore, combined HGS
offers a more equitable assessment for left-handed
individuals, as it eliminates the need for adjustments
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Table 2. Summary of the HC non-imaging population characteristics.

HC non-brain-imaging at baseline assessment visit
Dataset Train dataset Test dataset
Sex Both sex Female Male Both sex Female Male
Number 142702 80 886 61816 15907 8969 6938
Age, mean (SD) 55.46 (8.12) 55.24 (7.99) 55.75 (8.27) 55.54 (8.13) 55.28 (8.01) 55.87 (8.26)
BMI, mean (SD) 26.76 (4.42) 26.35 (4.74) 27.29 (3.91) 26.74 (4.35) 26.29 (4.63) 27.33(3.89)
Height, mean (SD) 168.46 (9.21) 162.76 (6.27) 175.93 (6.79) 168.47 (9.24) 162.69 (6.24) 175.95 (6.8)
WHR, mean (SD) 0.86 (0.09) 0.81 (0.07) 0.93 (0.06) 0.86 (0.09) 0.81 (0.07) 0.93 (0.06)
Combined HGS, mean (SD) 62.50 (21.27) 48.65 (11.68) 80.62 (16.92) 62.56 (21.25) 48.69 (11.69) 80.48 (16.99)
Right dominant hand 90.34% 91.93% 88.26% 90.16% 91.6% 88.3%

based on hand dominance. Note that for lateralized
motor deficits as encountered in stroke, the combined
HGS score will also be reduced.

2.1.4. Demographic and anthropometric assessments
Participants’ sex was determined from self-reported
information (Data-Field 31). Age was calcu-
lated based on the date of the baseline assess-
ment attendance and the participant’s birth date.
Anthropometric data were obtained during the phys-
ical measures phase of each assessment visit. Height
(Data-Field 50) was directly measured, while BMI
(Data-Field 21001) was calculated using weight and
height data (kg m~2). WHR was determined by divid-
ing waist circumference (Data-Field 48) by hip cir-
cumference (Data-Field 49).

2.2. ML analysis

2.2.1. Data preparation

Data from non-imaging HC participants who only
attended the baseline assessment was used to train
and evaluate ML models. Age and anthropometric
(i.e. BMI, height, and WHR) characteristics were con-
sidered as predictors in our models. To avoid overfit-
ting and base decisions on the most promising mod-
els, we split the HC data into training (90%) and test
datasets (10%). The splits were stratified based on
binned age (into 5 bins), HGS (into 5 bins), and sex to
keep the splits representative of the whole population.
After excluding cases with missing data and relevant
HGS conditions (see section 2.1.3) from each dataset,
the final HC data included 61 816 males (43.32%)
and 80 886 females (56.68%) in the training set, and
6938 males (43.62%) and 8969 females (56.38%) in
the test set (table 2, figure 1, and supplementary
figure S1).

2.2.2. Model training and performance evaluation

We utilized the non-imaging HC training dataset
(61 816 males and 80 886 females) to train sex-specific
ML models for HGS prediction using the anthropo-
metrics and age features. To prevent sex bias and given
known sex differences in HGS, and anthropometric
features, models were trained separately for males and

females. We employed linear support vector machine
(SVM), random forest (RF) and extreme gradient
boosting (XGBoost) regression models. Our motiva-
tion for including the nonlinear predictive models
besides the linear SVM in our analysis was based on
the fact that a non-linear relationship between age
and HGS has already been documented [11, 20, 35].
Specifically, HGS generally increases until approxi-
mately ages 30—40, after which it begins to decline,
and non-linear models are needed to capture such
association [35, 36]. Pearson’s correlation coefficient
(r), the coefficient of determination (R?) and mean
absolute error (MAE) were used to compare model
performance. To obtain generalization estimates, we
performed 10 times repeated 10-fold (10x 10-fold)
cross-validation (CV) using the Julearn ML library
version 0.2.7 (https://juaml.github.io/julearn/) [37],
building on top of the scikit-learn library [38]. The
hyperparameter C for the linear SVM was calculated
using a heuristic as C=1/1%". ijizj where 7 is
the number of subjects, x is the feature matrix of
the dataset, and x;; denotes the value of feature j for
subject [39]. As alternative non-linear approaches,
we trained both RF and XGBoost regression models
using the Scikit-Learn (sklearn) Python package ver-
sion 0.23.2.

In the first step, we performed a scaling study by
comparing the prediction performances of the lin-
ear SVM, RF and XGBoost models across six levels
of sample sizes (10, 20, 40, 60, 80, and 100%) gen-
erated by randomly selecting the required number
of sampling data from the training dataset to per-
form the CV procedure. Comparing model perfor-
mances across different sample sizes help evaluate
model stability and reliability by revealing how per-
formance changes with increasing amounts of data.
The model with higher performance was selected for
further analysis. Feature importance (FI) scores for
each model were derived to quantify the influence of
individual feature variables on model outputs. For the
linear SVM model, we used the coefficient parameter
(.coef_) as the FI scores.

In the second step, we validated the models
trained using the whole training data (90% of HC), by
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comparing the true HGS and predicted HGS (HGS)
values on the 10% hold-out test set. This step is cru-
cial for determining how well the trained models per-
form and identifying any inherent biases or errors in
the prediction process. To this end, we calculated the
di/ffgnce between the true HGS and the/I—T\G\S (i.e.
AHGS = true HGS — HGS). A positive AHGS indi-
cates that the individual is stronger than expected,
while a negative value suggests weaker than expected
strength. However, assessing an individual’s strength
using this difference is highly dependent on the accu-
racy of the HGS prediction model. Prediction frame-
works often encounter bias, characterized by overes-
timation of low values and underestimation of high
values in the target variable. Such a bias can compro-
mise model accuracy and impair the interpretability
of predictions on new data [40]. To address this issue
and enhance model performance, we implemented a
statistical bias-correction technique, adjusting HGS
predictions to align more closely with the true HGS
distribution. We applied the bias-correction method
developed by Beheshti et al for brain age predic-
tion, given its demonstrated effectiveness in reducing
variance [41]. The correction is employed by means
of a linear regression model between true HGS and
the AHGS. We fitted this model using the predictions
from out-of-sample validation sets generated through
a 10-fold CV on the training set and calculated the
slope () and intercept (/3), which are used to correct
the predictions to achieve a bias-free predicted HGS
value (IfG\SC; equation (1)).

I—T(?SC:I-T(?S—I—(OC x true HGS+ 3). (1)

Like the prediction models, the bias correction mod-
els were trained separately for males and females.
Finally, the proposed biomarker AHGS was defined
by subtracting the bias-free predicted HGS (I—T(?Sc)
from true HGS according to equation (2).

AHGS = true HGS — HGS". 2)

2.3. Reassessment reliability

We then assessed the agreement between AHGS val-
ues by using the reassessment reliability process in the
subset of HC test dataset. To evaluate the reliability of
the selected sex-specific trained models, we selected
participants from the test dataset for which two non-
imaging UKB assessment visit sessions were available:
(1) baseline assessment visit as the initial measure-
ment, and (2) first repeat assessment visit (after 2—
7 years) as the reassessment, resulting in 134 males
and 162 females for this analysis (supplementary table
S2). The concordance correlation coefficient (CCC)
[42] between AHGS from the two assessment visit
sessions was calculated. This reassessment reliability
analysis was designed to assess potential changes in

6

K Nazarzadeh et al

relative HGS over time, considering their new age
and possible health changes. The analysis reflects both
the stability of scores and their sensitivity to genuine
changes in participant conditions over time, which
are crucial factors for interpreting the reliability of
outcomes.

2.4. Association between brain structure and HGS
scores

2.4.1. Imaging data and preprocessing

We investigated the neurobiological basis of the HGS
scores and their association with GMV. For this, we
utilized MRI data from the UKB’s first imaging assess-
ment visit [43], acquired using 3T scanners follow-
ing the protocol and acquisition parameters detailed
in Miller et al [44]. The structural preprocessing of
these images was conducted using pipelines devel-
oped and executed by the UKB [45]. Specifically,
we analyzed the extracted parcel-wise GMV features
from T1-weighted (T1w) preprocessed images. The
initial preprocessing of the MRI data involved retriev-
ing T1w preprocessed images from the UKB, which
were then converted into a DataLad dataset for prove-
nance tracking [46]. Subsequently, voxel-based mor-
phometry was computed using the computational
anatomy toolbox version 12.7, resulting in images
normalized to the MNI152 space with a 1.5 mm
isotropic resolution [47]. The parcel-wise GMV was
extracted as the winsorized mean (with limits set at
10%) of the voxel-wise values per parcel, combining
three different brain atlases: the Schaefer et al cortical
atlas (1000-parcel) [48], the S4 3T version of Tian et al
Melbourne subcortical atlas (54-parcel) [49], and the
cerebellum SUIT Diedrichsen et al atlas (34-parcel)
[50]. The result was a feature vector containing the
percolated GMV of 1088 brain regions of interest
for each participant. To accommodate for individual
differences in total intracranial volume, we linearly
regressed it out from each brain region. For this anal-
ysis, we used a subset of HC participants who com-
pleted the initial imaging visit with 11 077 males and
12 849 females (supplementary table S1). The final
samples were reduced to 7726 males and 9292 females
based on the availability of all 1088 GMV features.

2.4.2. Correlation analysis

We investigated the correlation between the GMV of
1088 regions separately for true HGS and AHGS.
The AHGS values were obtained using the best-
performing separate linear SVM models for males
and females (see section 2.2.2). Pearson’s r and cor-
responding p-values were computed. To focus on
robust associations, we applied a correlation thresh-
old of |r| > 0.1 (the absolute values of correlation
coefficients exceeding 0.1) together with correcting p-
values using the Bonferroni correction with signifi-
cance determined at peorrected < 0.05. Separate analy-
ses were conducted for male and female participants
to identify regions significantly associated with each
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HGS score. The correlation coefficients for these sig-
nificant regions were visualized on brain maps for
each sex individually. Additionally, the intersection of
the regions showing significance for both sexes were
visualized using averaged correlation coefficients.

2.5. Evaluation of pre-to-post disease longitudinal
HGS changes

2.5.1. Data preparation

We identified patient cohorts with longitudinal data
from pre (prior to the disease onset) and post (follow-
up the disease onset) time-points. The AHGS score
could provide insights into disease-specific variation
in HGS between pre and post time-points in longi-
tudinal cases. To investigate this, patients with dis-
eases were compared with matched HC samples using
a 1:10 (case: control) ratio, ensuring robust compar-
ative analyses. The matching process entailed select-
ing HC individuals whose assessment visit sessions
at both pre and post time points coincided with
those of the patients, thereby maintaining temporal
consistency.

The final patient cohorts consisted of 40 males
and 16 females with stroke, and 37 males and
60 females with MDD (see section 2.1.2). Matched
HCs were selected from the pool of HC participants
who had undergone brain imaging assessment visits
and were not used in model training (15 516 males
and 16 609 females). Further refinement of sub-
samples involved excluding data with missing values
and additional HGS conditions (see section 2.1.3).
The final number of HC participants included in
the matching process for each assessment was as fol-
lows: baseline (11 918 males and 13 714 females),
first repeat (1884 males and 2013 females), imaging
visit (11 077 males and 12 849 females), and first
repeat imaging (1153 males and 1359 females). These
refined HC cohorts enabled comprehensive compar-
isons with patient cohorts across multiple assessment
time points. The HC subsample used in the matched
control-case study, categorized by assessment visit,
is detailed in supplementary table S1. Propensity
score matching was applied using a 1:10 nearest-
neighbor approach to select HC samples for each
patient within each disease cohort [51]. This method
involved matching each patient with 10 HC partici-
pants who had similar propensity scores, taking into
account age, anthropometric features at the pre time-
point, and the time interval between pre- and post-
assessment visits (days). Finally, post time-point data
were identified for each HC participant to maintain
subject consistency between pre and post time-points.
This approach ensured the availability of longitudi-
nal data in the matched HC group, enabling a robust
temporal comparison with the patient cohorts. The
matching process was conducted without replace-
ment, ensuring that each HC individual could be
selected as a match only once per patient group (an
overlap was allowed of HC for the different patient
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samples, i.e. overlaps of HC for stroke and HC for
MDD). The characteristics of the matched HC sam-
ples and patients summarized in table 3.

2.5.2. Statistical analysis

The study employed Analysis of Variances (ANOVAs)
to compare each of the HGS scores, true HGS and
AHGS, between each patient group (i.e. stroke and
MDD) and their corresponding matched HC sam-
ples. The AHGS values were obtained using the
best-performing linear SVM models separate for
males and females, detailed in section 2.2.2. The
assumptions of the ANOVAs were evaluated using
Kolmogorov—Smirnov normality test and Levene’s
test (testing variance homogeneity). The assumption
of normality was not met for all patient groups.
However, extensive literature supports that ANOVA is
generally robust to violations of this assumption, par-
ticularly with larger sample sizes [52—54]. For samples
larger than 12, non-normality has minimal impact
on Type I error rates. Furthermore, with samples
>50 per group, the central limit theorem enhances
the robustness of the analysis [52-55]. Consequently,
the violation of normality in our analysis is unlikely to
significantly affect the validity of the ANOVA results.
While homogeneity of variance was met for the factor
diagnosis for all patient groups, for the factor sex, the
assumption was mostly violated. Consequently, two-
way ANOVA was conducted separately for each sex,
with two main factors: time-point (pre- and post-) as
a ‘within-subject’ factor for repeated scores, and the
health condition considered as a ‘between-subject’
factor. For significant interactions, Tukey—Kramer
post-hoc analysis was used to compare groups sepa-
rately for each time-point and within each group.

3. Results

3.1. HGS predictive modeling

We found that HGS can be predicted using both ML
models, i.e. linear SVM and RE The model with con-
sistently high performance across all evaluated sample
sizes and interpretability was selected for further anal-
ysis. However, the linear SVM outperformed RF and
XGBoost across all sample sizes, achieving higher per-
formance metrics measured as Pearson’s correlation
coefficient (r), R?, and MAE for both male and female
cohorts (figure 2, table 4). Both models showed a
decrease in variance with increasing sample size, as
expected. The average performance stabilized after
using 40% of the data, indicating that the sample size
used is large enough to capture the predictive signal
adequately.

3.2. Model validation

To validate the selected linear SVM models, which
were separately trained on the whole training dataset
for males and females. Then we applied them to



Table 3. Characteristics of matched healthy controls (HC) and patients.

Sex Male Female

Group Patient Matched HC Patient Matched HC
Time-point Pre Post Pre Post Pre Post Pre Post

Stroke

Number 40 40 400 400 16 16 160 160

Age, mean (SD) 59.65 (6.79) 68.91 (7.95) 59.31 (6.86) 68.24 (7.34) 61.72 (5.08) 71.21 (6.91) 61.29 (5.84) 71.01 (7.34)
BMI, mean (SD) 26.7 (3.23) 25.85 (3.32) 26.68 (3.79) 26.53 (4.02) 26.37 (5.26) 26.7 (5.36) 26.68 (4.71) 26.36 (4.79)
Height, mean (SD) 177.22 (7.23) 176.44 (7.19) 177.34 (6.35) 176.71 (6.51) 162.39 (7.43) 161.3 (7.02) 162.32 (5.89) 161.34 (6.05)
WHR, mean (SD) 0.94 (0.06) 0.94 (0.06) 0.94 (0.06) 0.94 (0.06) 0.82(0.1) 0.84 (0.1) 0.82 (0.07) 0.84 (0.07)
Combined HGS, mean (SD) 77.55 (16.45) 70.75 (12.9) 80.79 (15.83) 68.84 (16.57) 44.31 (13.03) 44.12 (12.85) 47.08 (11.08) 42.34 (11.4)
Right dominant hand (%) 37 (92.5%) 37 (92.5%) 359 (89.75%) 359 (89.75%) 16 (100%) 16 (100%) 154 (96.25%) 154 (96.25%)
Time to/from disease onset, mean (SD) —5.14 (2.87) 4.12 (3.28) —5.71(3.57) 3.79 (3.13)

Time elapsed pre- to post- (years) 9.26 8.93 9.5 9.72

MDD

Number 37 37 370 370 60 60 600 600

Age, mean (SD) 54.9 (6.89) 64.36 (6.82) 55.76 (7.84) 65 (7.77) 52.72 (7.55) 62.02 (7.91) 52.8 (7.53) 62.02 (7.9)
BMI, mean (SD) 27.38 (4.14) 28.21 (4.55) 27.58 (4.05) 27.37 (4.18) 26.01 (3.83) 26.8 (5.03) 26.04 (4.8) 26 (5.07)
Height, mean (SD) 176.02 (6.14) 175.49 (6.16) 176.13 (6.44) 175.7 (6.57) 163.01 (5.09) 162.45 (4.99) 163.28 (6.27) 162.8 (6.3)
WHR, mean (SD) 0.93 (0.05) 0.97 (0.05) 0.93 (0.06) 0.94 (0.07) 0.79 (0.06) 0.82 (0.07) 0.79 (0.06) 0.81 (0.07)
Combined HGS, mean (SD) 78.89 (14.48) 72.59 (14.06) 82.44 (16.04) 70.77 (17.06) 49.98 (12.01) 45.48 (12.2) 53.16 (11.41) 43.73 (11.91)
Right dominant hand (%) 34 (91.89%) 34 (91.89%) 328 (88.65%) 328 (88.65%) 56 (93.33%) 56 (93.33%) 573 (95.5%) 573 (95.5%)
Time to/from disease onset, mean (SD) —5.78 (3.35) 3.69 (2.6) —5.26 (3.38) 4.04 (3.13)

Time elapsed pre- to post- (years) 9.46 9.24 9.3 9.22
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Figure 2. Pearson correlation coefficient (r) from CV analysis at different sample sizes. (A) linear SVM, (B) RF and (C) XGBoost
models built on the training dataset with increasing sample sizes (10% to 100%). The sample size indicates the percentage of
data used for performing CV. In females, SVM had a maximum median (r = 0.423, R 2 = 0.179) compared to the RF (r = 0.359,
R2=10.107) and XGBoost (r = 0.421, R > = 0.177) at 80% of the sample size (N = 64 712). In males, SVM achieved a maximum
median (r =0.405, R 2 = 0.163) compared to the RF (r = 0.347, R 2 = 0.096) and XGBoost (r =0.390, R 2 = 0.150) at 20% of the
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Table 4. Comparison of linear SVM, RF and XGBoost models by increasing sample size on the training dataset.

Sample sizes

Sex Models Scores (median) 10% 20% 40% 60% 80% 100%
Female N = 38,089 N=16178 N =132356 N =148534 N=64712 N = 80886
SVM Pearson’s r 0.415 0.416 0.423 0.420 0.423 0.423
R? 0.171 0.173 0.178 0.176 0.179 0.178
MAE 8.441 8.423 8.388 8.384 8.387 8.391
RF Pearson’s r 0.346 0.352 0.361 0.360 0.359 0.358
R? 0.090 0.101 0.108 0.108 0.107 0.107
MAE 8.827 8.757 8.730 8.716 8.730 8.759
XGBoost Pearson’s r 0.389 0.408 0.416 0.417 0.421 0.421
R? 0.149 0.164 0.173 0.174 0.177 0.176
MAE 8.536 8.466 8.417 8.400 8.397 8.396
Male N=6,182 N=12364 N=24728 N =37092 N=49456 N =61816
SVM Pearson’s r 0.392 0.405 0.398 0.402 0.401 0.403
R? 0.151 0.163 0.158 0.161 0.161 0.162
MAE 12.176 12.147 12.235 12.203 12.185 12.214
RF Pearson’s r 0.335 0.347 0.344 0.353 0.359 0.359
R? 0.082 0.096 0.093 0.102 0.107 0.108
MAE 12.644 12.613 12.704 12.645 12.603 12.620
XGBoost Pearson’s r 0.364 0.390 0.397 0.406 0.406 0.411
R? 0.130 0.150 0.157 0.164 0.164 0.168
MAE 12.368 12.221 12.241 12.189 12.142 12.169

the independent 10% HC test dataset, comprising
6938 males and 8969 females. After applying bias-
correction to the predictions (I—T(?Sc) on the test
dataset, prediction accuracy significantly improved
compared to the uncorrected predictions (supple-
mentary figure S2). For males, the Pearson’s corre-
lation coefficients increased from r = 0.40 (without
bias-correction) to r = 0.94 (with bias-correction,
p < 0.0001), and for females, it improved from
r = 0.42 (without bias-correction) to r = 0.93

(with bias-correction, p < 0.0001), demonstrating
enhanced performance (figure 3(A)). The bias-
correction was performed using the method pro-
posed by Beheshti et al [41], involving the calcula-
tion of slope (&) and intercept (3) by fitting a linear
regression model between true HGS and the resid-
uals (A/H\GS = true HGS — I—TG\S). Bias-correction
parameters were estimated separately for males (o =
0.839, B = —67.631) and females (o = 0.822, 8 =
—39.971) using predictions from out-of-sample vali-
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Figure 3. Relationship between AGS’ (A) and AHGS (B) scores versus true HGS, respectively, after applying bias-correction
method on the independent non-brain-imaging HC test dataset, for males (N = 6938) and females (N = 8969). (A) Scatter plot
of HGS' and true HGS: for males (r = 0.94, R 2 = 0.87, MAE = 4.94) and for females (r = 0.93, R 2 = 0.85, MAE = 3.6). (B)
Scatter plot of AHGS and true HGS: for males (r = 0.01, p = 0.41) and for females (r = 0.00, p = 0.73). The dashed gray line in
the A indicates the identity line (y = x), while the dashed gray line in the B indicates the reference line (y = 0).

Table 5. CCC between baseline and follow-up delta values, and MAE with and without bias correction.

Without bias-correction

With bias-correction

Sex N MAE (Session 0) MAE (Session 1) CCC MAE (Session 0) MAE (Session 1) CCC
Female 162 8.129 12.059 0.32 3.294 3.496 0.89
Male 134 12.934 16.434 0.47 4.535 4.475 0.90

dation sets generated via 10-fold CV on the HC train-
ing dataset. We then assessed the models’ unbiased-
ness by examining the correlation between AHGS
(true HGS — I—TG\SC) and true HGS (figure 3(B)). The
analysis revealed no significant correlation between
AHGS and true HGS for either males (r = 0.01)
or females (r = 0.00), indicating an absence of bias
in the corrected predictions. Before bias-correction,
correlations were r = 0.92 for males and r = 0.91 for
females, indicating some initial bias. This finding
supports the conclusion that the model is unbiased
across both sexes.

We then investigated the FI scores from the final
models trained on the training dataset (90% of
HC). The models showed similarities and differences
between males and females. Although the direction
of the contribution was the same for both sexes, the
strength of contributing factors differed. For males,
the linear SVM model identified height and BMI
as having positive contributions to HGS (Flyeight =
4.94 and FIBMI = 300), while WHR (FIWHR = 7257)
and age (FI,g. = —2.83) showed negative coefficients.
In females, height (Flpeighe = 3.27) and BMI (Flpmy
= 0.67) remained positive contributors, and WHR
(Flwpr=-"0.53) and age (Fl,ge=—3.07) showed neg-
ative effects.
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3.3. Reassessment reliability of AHGS

The reassessment reliability was evaluated using
the CCC between AHGS values for two sessions:
the baseline assessment visit as the initial session
(session 0), and the first repeat assessment visit
(after 2-7 years) as reassessment (session 1) on
the same participants from the non-brain-imaging
HC test dataset (N = 296, 54.73% female) without
and with bias-correction. The results demonstrated
high reassessment reliability for AHGS after apply-
ing bias-correction, with males showing a CCC of
0.90 and females a CCC of 0.89. These values were
notably higher compared to the AHGS without bias-
correction (table 5). The high reassessment reliabil-
ity indicates that AHGS scores remain stable despite
physiological changes in participants’ conditions over
2-7 years. This reliability is crucial for application in
the elderly population, where age and health-related
changes considerably affect HGS. The strong agree-
ment between sessions, shown by high CCC values,
confirms the reliability of the sex-specific models.

3.4. Association between HGS scores and brain
structure

We investigated Pearson’s r between regional GMV
and two HGS scores, true HGS and AHGS in a large
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cohort of HC (7726 males and 9292 females). Each
participant’s data included 1088 regional GMV fea-
tures covering the whole brain (see section 2.4.1).
Significant correlations were identified for both true
HGS and AHGS after applying Bonferroni correc-
tion (Peorrected <0.05). Figure 4 demonstrates the dis-
tribution of associations between regional GMV and
HGS. The cortical region labeling was derived from
the Schaefer 1000-parcel 7-network brain atlas.

For true HGS, significant correlations were found
in 878 regions for males and 660 for females. All
correlations were positive. When applying a correla-
tion threshold of |r| > 0.1, 364 regions remained in
males and 24 in females. The intersection of signifi-
cant regions between sexes included 24 regions, none
of which were located in cerebellar areas. These results
indicate a broader association between true HGS
and GMV in males compared to females, suggest-
ing potential sex differences. The average correlations
between true HGS and regional GMV of the inter-
secting significant regions for both sexes showed val-
ues ranging from 0.113 to 0.15 (figure 4(A)). The
strongest correlations were observed in the cortical
right hemisphere somatomotor regions, parcels 22
(RH_SomMot_22, r = 0.15), 16 (RH_SomMot_16,
r = 0.143), and 19 (RH_SomMot_19, r = 0.142).
Subcortical associations differed across sexes (supple-
mentary table S3), with the highest subcortical asso-
ciation found in the left hemisphere inferior ventral
anterior division of the thalamus (THA-VAia-lh, r =
0.12). The results showed that a higher HGS is linked
with increased GMV in the cortical areas, which are
crucial for motor control.

In contrast, AHGS demonstrated significant cor-
relations in 968 regions for males and 993 regions
for females. After applying the threshold of |1 > 0.1,
698 regions in males and 755 regions in females
remained. The intersection of significant regions
between sexes retained 667 regions, highlighting
the consistency and robustness of the association
between the AHGS score and GMV. The average
correlations for these intersecting significant regions
ranged from —0.298 to —0.101 (figure 4(B)). The
only positive correlations were observed in females
within subcortical regions, specifically in the ante-
rior globus pallidus of the left hemisphere (aGP_lh,
r = 0.157) and the right hemisphere (aGP_rh, r
= 0.145). For both sexes, the strong associations
included the right hemisphere somatomotor corti-
cal region from the somatosensory network, par-
cel 19 (RH_SomMot_19, r = —0.298), followed by
parcel 22 (RH_SomMot_22, r = —0.291), and par-
cel 16 (RH_SomMot_16, r = —0.275). This pat-
tern persisted in sex-specific analyses, with males
showing strong correlations in RH_SomMot_19 (r
= —0.28) and RH_SomMot_22 (r = —0.274),
while females demonstrated even stronger correla-
tions in these regions (RH_SomMot_19: r = —0.315;
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RH_SomMot_22: r = —0.307). Subcortical associa-
tions differed across sexes (supplementary table S4),
with the highest subcortical association in both sexes
was found in the left hemisphere hippocampal body
(HIP-body-lh, r = — 0.235). The most significant
cerebellar association was observed in the left lob-
ule VI (Left_VI) for both sexes (r = — 0.214). The
higher number of significant and stronger correla-
tions observed across a broader range of brain areas
suggest that AHGS can be a more sensitive score for
detecting brain structure relationships. Furthermore,
the significant increase in overlapping regions sug-
gested a common neurobiological basis beyond sex
differences.

3.5. Evaluation of pre-to-post disease longitudinal
HGS changes

The innovative aspect of this study is the imple-
mentation of a longitudinal design, which captures
HGS scores at two critical time points: before (pre)
and after (post) disease onset. Capturing longitudi-
nal changes in HGS can improve our understanding
of the dynamic relationship between HGS and disease
onset and progression, providing valuable insights
into how disease impacts physical function over time.
Such changes can provide insights into an individual’s
health status, the effectiveness of training or reha-
bilitation programs, and the progression of various
health conditions. To analyze this longitudinal data,
we employed a two-way ANOVA, separately for each
sex. The analyses included group (patient/control) as
the between-subject factor and time-point (pre/post)
as the within-subject factor, with either true HGS
or AHGS as the dependent scores. We analyzed the
stroke and MDD cohorts separately with 10 matched
HC for each patient (table 3).

A significant main effect of time-point was
observed for both patient cohorts, indicating time-
dependent changes in HGS and AHGS across
patients and HCs (table 6). In stroke patients, a sig-
nificant interaction was observed in males for both
true HGS (F) 433 = 4.434, p = 0.036) and AHGS
(F1,438 = 9.91, p = 0.002). Post-hoc analysis revealed
the significant differences in matched HC between
pre and post time-points for both scores (p <0.0000),
and in patients between pre and post time-points for
AHGS score (p = 0.0332). No significant group dif-
ferences were found at any time point, and no sig-
nificant interactions were observed in female stroke
patients (figure 5).

In MDD patients, significant interactions
were observed in both males and females for
AHGS (males: F 45 = 5.404, p = 0.021; females:
F) 653 = 8.844, p = 0.003) and true HGS (males:
F1 405 = 4.362, p = 0.037; females: F; ¢s3 = 9.928,
p = 0.002). Post-hoc analysis showed significant
differences between pre and post time-points in
matched HC for both scores and sexes (all p <0.0000)
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Figure 4. Regional distribution of associations between GMV and HGS, after applying Bonferroni correction (pPcorrected <0.05)
and focusing on significant regions with |r| > 0.1. (A) True HGS and GMV correlation: Both sexes (24 regions): The aver-

age correlation between intersecting of significant regions in both sexes ranged (0.113< r < 0.15). The strongest cortical cor-
relation (r= 0.15) was observed in ‘RH_SomMot_22’, the strongest subcortical correlation (r = 0.12) in “THA-VAia-lh. No
cerebellar regions were identified among these 24 regions. The scatter plot represents the correlation of these 24 significant
regions. Males (364 regions): Correlations ranged (0.1< r < 0.177), with the strongest cortical correlation (r = 0.177) in
‘RH_Limbic_OFC_4), the strongest subcortical correlation (r = 0.176) in ‘HIP-body-rh’, and the highest cerebellar correlation
(r=10.133) in ‘Left_VT. Females (24 regions): Correlations ranged (0.1< r < 0.126), with the strongest cortical correlation

(r =0.126) in ‘RH_SomMot_22’, the strongest subcortical correlation (r= 0.113) in “THA-VAia-1h} and no cerebellar regions
were significant. (B) AHGS and GMYV correlation: Both sexes (667 regions): The average correlations between the intersect-
ing of significant regions in both sexes ranged (—0.298< r < -0.101), with the strongest cortical correlation (r = — 0.298) in
‘RH_SomMot_19, the strongest subcortical correlation (r = — 0.235) in ‘HIP-body-1h’ and the highest cerebellar correlation
(r=—0.214) in ‘Left_VT. The scatter plot represents the 50 top significant regions. Males (698 regions): Correlations ranged
(—0.28< r < -0.1), with the strongest cortical correlation (r = — 0.28) in ‘RH_SomMot_19;, the highest subcortical association
(r = — 0.256) in the ‘HIP-body-rh’, and the highest cerebellar correlation (r = — 0.222) in the ‘Left_VI’ Females (755 regions):
Correlations ranged (—0.315< r < 0.157), with the strongest cortical correlation (r = — 0.315) in ‘RH_SomMot_19 the
strongest subcortical correlation (r = — 0.231) in “THA-DP-rh), the highest cerebellar correlation (r = — 0.205) in ‘Left_VI.
Two subcortical regions, ‘aGP_Ih’ (r = 0.157) and ‘aGP_rh’ (r = 0.145), showed positive correlations.
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Table 6. Sex-specific ANOVA and post-hoc results for group (matched HC vs. patient) and Time-point (pre, post).

True HGS AHGS
Disease Sex Source F p F p
Stroke  Female Group 0.036 0.85  0.001 0.977
Patients (N = 16) Time-point 25.086 0.000 376.401 0.000
Matched HC (N = 160) Interaction (Group: Time-point) 2.296 0.132  1.287 0.258
Male Group 0.078 0.78  0.365 0.546
Patients (N = 40) Time-point 266.505 0.000 193.944 0.000
Matched HC (N =400) Interaction (Group: Time-point) 4.434 0.036 9.91 0.002
Post-Hoc Test: meandiff p meandiff p
Patients post time-point vs matched HC post time-point 1.9125  0.8904 1.3916  0.4841
Patients pre time-point vs matched HC pre time-point —3.24 0.6177 —0.2537 0.9939
Patient pre time-point vs patient post time-point 6.8 0.2328 —3.5882 0.0332

Matched HC pre time-point vs matched HC post time-point 11.9525  0.0000 —1.9429 0.0000

MDD  Female Group 0.266 0.606  0.001 0.976
Patients (N = 60) Time-point 398.997 0.000 696.981 0.000
Matched HC (N = 600) Interaction (Group: Time-point) 9.928 0.002 8.844 0.003

Post-Hoc Test: Meandiff p Meandiff p
Patients post time-point vs matched HC post time-point 1.7517 0.6865 0.4755 0.8571
Patients pre time-point vs matched HC pre time-point —3.175 0.1873 —0.4411 0.8822
Patient pre time-point vs patient post time-point 4.5 0.1519 —3.1726 0.0005
Matched HC pre time-point vs matched HC post time-point 9.4267  0.0000 —2.256  0.0000
Male Group 0.117 0.732  0.001 0.969
Patients (N = 37) Time-point 228.97 0.000 182.535  0.000
Matched HC (N = 370) Interaction (Group: Time-point) 4.362 0.037 5.404 0.021
Post-Hoc Test: Meandiff p Meandiff p
Patients post time-point vs matched HC post time-point 1.8216 09171 0.7005  0.9077
Patients pre time-point vs matched HC pre time-point —3.5432  0.5916 —0.6229 0.9329
Patient pre time-point vs patient post time-point 6.2973  0.3485 —3.4141 0.0727

Matched HC pre time-point vs matched HC post time-point 11.6622  0.0000 —2.0907 0.0000

Male Female
True HGS AHGS® True HGS AHGS®
e 1 9 = = Matched HC
. ; s - —@— Patients
; . 4.
Stroke = © ol - :
y —
L\- g
MDD rt— b
5 .
& . N\:—-

me-pont e time-point Post time-point re time-point e pont Pre time-point Post time-point

Figure 5. Changes in HGS among patients with stroke and MDD compared to matched HC across two time-points: pre and post
time-points. The dashed lines represent the matched control group, while the solid lines depict the patient groups. These findings
underscore the importance of considering both absolute and relative scores of muscle strength in understanding the physical
capabilities of individuals with neurological and psychiatric diseases. The increased AHGS suggests that despite the decline in
true HGS, patients and matched HC may perform better than expected when accounting for baseline physical attributes.

as well as in female patients for the AHGS score only The interaction plots provide valuable insights
(p = 0.0005). No significant group differences were into the trajectory of true HGS and AHGS among
observed at any time point (figure 5). patients with stroke and MDD in comparison to
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matched HC for both males and females from pre
to post time-points (figure 5). For both sexes, true
HGS showed a less strong decline from pre to post
time-points in patients compared to their matched
HC groups. AHGS, in contrast, demonstrated a sig-
nificant increase from pre- to post- time-points in all
groups, indicating an improvement in HGS relative
to the expected HGS predicted based on anthropo-
metrics and age. This increase seems to be stronger in
patients compared to controls.

To assess whether the change between pre and
post time-points differed significantly between
groups, we calculated the difference scores for both
true HGS and AHGS by subtracting the pre time-
point values from the post time-point values for each
group, separately for males and females. Independent
t-tests were then conducted to compare these dif-
ference scores between patients and matched HC
groups. This approach allows for a direct com-
parison of the magnitude and direction of change
across groups. In stroke, significant differences were
observed only in males who exhibited smaller declines
in true HGS compared to matched HC (stroke:
—6.80 kg vs matched HC: —11.95 kg, p = 0.035)
and larger increases in AHGS (stroke: 3.59 kg vs
matched HC: 1.94 kg, p = 0.001). MDD patients of
both sexes showed significant differences. For true
HGS, patients demonstrated smaller decline than
matched HC (males: MDD: —6.30 kg vs matched
HC: —11.66 kg, p = 0.037; females: MDD: —4.50 kg
vs matched HC: —9.43 kg, p = 0.002). Conversely, for
AHGS, patients exhibited greater increases (males:
3.41kgvs2.09kg, p=0.02; females: 3.17 kg vs 2.26 kg,
p =0.003).

4, Discussion

In this study, we explored whether HGS can be pre-
dicted based on anthropometric and demographic
measurements and sought to uncover biological
insights by analyzing the predicted HGS values. We
developed a new individual-level score AHGS that
captures how HGS deviates from the expected value
based on an individual’s characteristics. To this end,
we used data from the UKB.

First, we performed ML analysis to predict com-
bined HGS using anthropometric factors (i.e. BMI,
height, and WHR) and demographic parameters age
and sex. The use of combined HGS, the sum of
the grip strengths of both hands, as the target was
particularly used as a comprehensive measure of
overall strength [33], mitigating the potential biases
introduced by handedness or unilateral strength
differences [34]. We developed sex-specific models
to account for known differences in HGS between
males and females, specifically HGS values are consis-
tently higher in males compared to females across all
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age ranges [15, 22—24]. We employed linear SVM, RF
and XGBoost regression models for HGS prediction
across different sample sizes within a CV scheme. The
inclusion of the nonlinear models (RF and XGBoost)
alongside the linear SVM was based on the docu-
mented nonlinear relationship between age and HGS
(Chandrasekaran et al [20] and Park et al [35]). In our
analysis, linear SVM outperformed RF and XGBoost
in predicting combined HGS, achieving higher per-
formance for both sexes. The prediction accuracy
improved with larger sample sizes, but smaller sam-
ples exhibited higher variance, highlighting the sig-
nificance of using enough data to adequately capture
the variability in demographic and anthropometric
factors and their relationship with HGS (figure 2,
table 4). The inclusion of non-linear models (RF
and XGBoost) was important to evaluate whether
the previously reported non-linear age-related HGS
trajectories reported across the lifespan would pro-
vide an advantage in prediction. However, the used
UKB HC cohort predominantly contains middle-to-
older adulthood, where HGS decline is comparatively
gradual, which may explain why the linear SVM per-
formed well compared to the non-linear XGBoost
model.

The linear SVM model identified that height and
BMI positively contributed to HGS prediction in
both sexes, while WHR and age contributed nega-
tively. The magnitude of contributions differed by
sex: height and BMI showed a stronger positive
contribution in males compared to females (males:
Flheight = 4.94, Flpyr = 3.00; females: Flyeigne = 3.27,
Flgpg = 0.67). WHR had lower contributions in
females than males (males: Flywpr = —2.57; females:
Flwnur = —0.53). Age contributed negatively for both
sexes, reflecting the expected decline of HGS with age
(males: —2.83; females: —3.07). These findings align
with known associations between these variables and
HGS (see section 3.2). The varying feature impor-
tance between sexes taken together with the higher
prediction accuracy for males highlight the complex
interplay of anthropometric and demographic factors
and their association with HGS. The differential con-
tribution of weight-related factors to HGS in females
compared to males may be due to sex-specific differ-
ences in body composition. Females generally have
higher body fat and lower muscle mass than males
which could explain why weight-related variables are
less predictive of HGS in females [56]. Additionally,
hormonal factors, particularly estrogen levels, play a
significant role in muscle strength and function in
females, potentially overshadowing the influence of
weight-related variables on HGS [57].

Our results are in line with the well-established
positive relationship between HGS and both BMI
and height across various populations and age groups
(e.g. Agtuahene et al [19] and Pua et al [17]).
Bhattacharjee et al [18] have reported an inverse
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relationship between HGS and WHR, which reflects
the proportion of abdominal fat relative to hip cir-
cumference. Age shows variations in HGS across dif-
ferent age groups. HGS generally declines with age,
but the relationship is complex and influenced by sex
[16, 21]. HGS typically increases during childhood
and adolescence, peaks in early adulthood, and then
declines with age, particularly after 40 [16]. Vianna
et al [21] found that the onset of HGS decline differs
between sexes, beginning earlier in men (around age
30) compared to women (around age 50). The aging
process results in progressive muscle loss, impacting
HGS. De Aratjo et al [16], identified various factors
associated with low HGS in older adults, including
age-related differences, emphasizing the multifaceted
nature of HGS decline across the lifespan. Given this
nonlinear relationship between age and HGS, it is
intriguing to consider that our result showed the lin-
ear SVM model to be more accurate than the nonlin-
ear RF and XGBoost models. This may be explained
by the high mean age in the UKB data. De Araudjo
et al [16] also revealed that factors such as socioe-
conomic status, physical activity levels, and chronic
health conditions can influence HGS in older pop-
ulations, indicating that HGS is also determined by
environmental and lifestyle factors. A previous ML
study also demonstrated a high prediction accuracy
using posture, anthropometric, and demographic
variables [26]. This suggests that adding further vari-
ables with more detailed body measurements, envi-
ronmental and lifestyle can help in increasing accu-
racy. However, large datasets with those variables are
currently not available.

The predictions obtained by our models exhib-
ited a bias (supplementary figure S2), with residu-
als correlating with the target. To address this, we
applied a bias-correction method [41], resulting in
bias-free predictions resulting in enhanced accuracy
(figure 3). The difference between the true HGS
and bias-free predicted HGS (AHGS = true HGS —
ITCTSC) was then calculated as a novel score which was
then used for further analysis together with the mea-
sured or true HGS.

We explored the neurobiological underpinnings
of muscular strength by analyzing the relationship
between GMV and two HGS scores. We found that
higher HGS is associated with higher GMV in key
brain regions involved in motor but also regions play-
ing a role in other functions (figure 4). These findings
suggest that HGS as a measure of physical capability
is reflected in structural brain integrity. However, it
is crucial to consider potential confounding effects in
these associations, particularly the influence of age.
Age has a strong effect on both HGS and GMV and as
individuals age, both muscle strength and brain vol-
ume typically decrease. Other potential confounders,
such as physical activity levels, body composition (e.g.
muscle mass, body fat percentage), nutritional status,
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hormonal factors, genetic predisposition, and socioe-
conomic status, should also be considered. These
factors may independently influence both HGS and
GMY, potentially complicating the interpretation of
their relationship. Existing literature has shown that
HGS is linked to brain structures in frontal, tem-
poral, subcortical, and cerebellar regions. Our find-
ings also revealed associations between HGS and
these areas. For instance, Jiang et al [1] reported
widespread positive associations, especially in subcor-
tical regions and temporal cortices, even after con-
trolling for various confounders including age, sex,
education level, socioeconomic status, BMI, height,
and WHR. Similarly, Meysami et al [58] reported that
greater HGS is associated with larger hippocampal
volume, and also stronger dominant HGS was related
to larger frontal lobe volumes in older adults. In our
results, we found that the hippocampal as well as
thalamus regions were associated with HGS in both
males and females, along with specific associations in
the frontal regions (see supplementary table S3).

The AHGS score demonstrated stronger and
more widely distributed correlations with GMV com-
pared to true HGS, particularly in motor-related
brain regions (figure 4). These correlations were
significant across various cortical, subcortical, and
cerebellar brain regions in both males and females
(figure 4). The intersection of significant regions
between the sexes revealed 667 regions (only 24 for
true HGS), while 698 and 755 significant regions were
identified in males and females, respectively. Overall,
our results suggest that AHGS is better at capturing
the neurobiological basis of muscular strength in both
sexes compared to true HGS, suggesting that AHGS
may reflect unique aspects of brain structure beyond
what true HGS alone reveals. In contrast to the GMV-
true HGS relationships which were all positive, the
associations to AHGS were all negative. The nega-
tive GMV —AHGS correlations suggest that individu-
als with lower true HGS compared to their predicted
HGS tend to have larger GMV. This suggests better
preserved brain volume despite lower strength than
expected. This relationship becomes more intriguing
when considering factors influencing the difference in
HGS. Negative AHGS values might signal an acceler-
ated decline in strength, in which the person is experi-
encing a more rapid loss of strength than expected for
their age or possibly reflecting age-related health con-
cerns that disproportionately affect muscle strength,
as muscle strength is a reliable indicator of overall
health status in aging populations [7]. Speculatively, a
high negative AHGS could suggest unfavorable body
composition or sarcopenic obesity, a condition where
muscle loss is combined with excess fat [59].

We then investigated whether changes over time
in true HGS and AHGS differed between patients
with either stroke or MDD and their corresponding
matched HC in a longitudinal design. We observed



10P Publishing

Biomed. Phys. Eng. Express 12 (2026) 045029

a significant reduction in change HGS scores (dif-
ference between pre and post disease onset) in both
stroke and MDD patients compared to their cor-
responding matched HC (table 3), with HC show-
ing a significant decrease in HGS but patients no
or less change. Among stroke patients, the decrease
in HGS is likely to happen due to damage of the
upper motor neuron in the precentral gyrus or of its
descending output, i.e. the corticospinal tract, lead-
ing to motor impairment, especially of the contralat-
eral hand. Stroke patients typically have lower HGS
compared to HC, especially in the early stages post-
stroke [60]. ANOVA results revealed sex-specific pat-
terns, with male stroke patients showing significant
interactions in both true HGS (p = 0.036) and AHGS
(p = 0.002), while no significant interactions were
observed in female stroke patients. These sex dif-
ferences align with previous research suggesting dif-
ferent recovery patterns between males and females
post-stroke [61]. Importantly, this cannot be because
of differing recovery times as the time between dis-
ease onset and post assessment was not significantly
different between males and females (p = 0.59).

Interestingly, despite these longitudinal differ-
ences, both true HGS and AHGS were not effec-
tive in differentiating between patients and matched
HC at the post time-point. This lack of distinc-
tion may be attributed to several factors, including
the limited number of stroke patients with motor
area lesions, potentially masking the effects of these
impairments on HGS scores. Importantly, ischemic
lesions outside key motor regions or the corti-
cospinal tract do not usually lead to reductions in grip
force. In our cohort of 56 stroke patients (1 female
patient hemorrhagic), identified using ICD-10 codes
without including self-reported cases, post-stroke
neuroimaging data were available for 25 patients
(44.64%). Among these, 14 patients (56%) pre-
sented lesions in motor-related regions, with 9 of
them exhibiting lesions affecting the contralateral
hand. Additional factors include the substantial time
elapsed between pre and post assessments in both
disease cohorts which may reflect the effects of treat-
ment and rehabilitation efforts over time. Specifically,
in stroke patients, the average interval between pre
and post assessments was approximately 9.26 years
for males and 9.5 years for females, with post-stroke
assessments occurring between 0.18-11.14 years
for males and 0.04-9.78 years for females after
stroke onset.

In MDD patients, the reduction in HGS may
be due to the multifactorial impact of MDD on
physical health [62], which is attributed to the
complex interplay between depression and physical
health. Ganipineni et al [10] found that individu-
als with depressive symptoms tend to have lower
HGS compared to those without. Trivedi [62] showed
that MDD not only affects mental health but also
has wide-ranging effects on physical health through
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various mechanisms. These include decreased physi-
cal activity, changes in appetite and nutrition, sleep
disturbances, hormonal and inflammatory alter-
ations, and potential medication side effects, all
of which can contribute to reduced grip strength.
ANOVA results showed significant interactions in
true HGS (males: p = 0.037; females: p = 0.002)
and AHGS (males: p = 0.021; females: p = 0.003)
for both sexes, in contrast to the sex-specific patterns
observed in stroke patients. However, despite these
longitudinal differences, both true HGS and AHGS
were ineffective in distinguishing MDD patients from
matched HC at the post time-point. This finding may
reflect the prolonged time elapsed between pre and
post assessments, with the mean time intervals of
9.46 years for males and 9.3 years for females. Post-
MDD assessments occurred within 0.02-9.63 years
for males and 0.02—11.98 years for females, highlight-
ing the influence of ongoing treatment and rehabili-
tation. Further research could provide deeper insights
into the relationship between muscle function and
diseases, supporting early detection, targeted preven-
tion, and monitoring of disease progression in neuro-
logical and psychiatric conditions.

Our study faced several limitations that should
be addressed in future research. Firstly, the demo-
graphic (age and sex) and anthropometric variables
(BMI, height, and WHR) may not capture all rel-
evant factors influencing muscle strength, poten-
tially overlooking other predictors like more detailed
body measurements, genetics, and lifestyle factors.
Secondly, the study sample was drawn from the UKB,
which may not be representative of other populations,
potentially limiting the generalizability of the findings
to more diverse demographic groups. Thirdly, the
study used a limited number of ML models, focusing
on linear SVM, RF and XGBoost, which may not fully
capture the complexity of the data. Although we cov-
ered linear and non-linear models, exploring other
models could potentially improve prediction accu-
racy. Lastly, the longitudinal study was constrained
by small sample sizes for stroke and MDD patients,
which could affect the statistical power and reliability
of the results. Here, we relied on incidental data from
the UKB, which comes with limitations such as low
sample sizes, the small number of stroke patients with
motor area related lesions, and lack of detailed infor-
mation regarding medication and rehabilitation.

5. Conclusion

This study demonstrates that HGS can be predicted
using demographic and anthropometric variables at
moderate accuracy using ML models, particularly lin-
ear SVM. The novel AHGS score, representing the
difference between true and bias-free predicted HGS,
showed stronger and widely distributed correlations
with GMV compared to true HGS, especially in
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motor-related brain regions. This suggests AHGS
maybe a more sensitive biomarker for brain health
assessment. Both true HGS and AHGS did not cap-
ture longitudinal differences between patients and
matched HC. Further research is needed to validate
these results in more diverse populations and explore
the mechanisms linking HGS changes to specific dis-
eases. Overall, this study provides a foundation for
enhancing the utility of HGS as a biomarker in neuro-
logical and psychiatric research and clinical practice.
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